An increasing effort has been put into dealing with the question of time-series analysis regarding institutional efficiency, including in the area of higher education. Universities are important institutions for economies and societies and are expected to provide excellence as well as efficiency in their processes and outputs. This is reflected in the context of an increased global competitive environment by more refined international university rankings. Combining the two areas, this paper points towards a methodological challenge in comparing different ranking datasets for their use in a data envelopment analysis (DEA) Malmquist index time-series efficiency analysis, namely, index-based data compared to additive data. The problem is discussed in a theoretical framework and complemented with an empirical application: calculations for 70 European universities with budget and staff input data and different ranking output data for the timeframe of 2011-2016 show that there is no evidence for a specific index data problem. Important implications regarding university management and higher education policies are outlined. Efficiency improvements among the analyzed universities are significant but also unevenly distributed and not easy to obtain for individual institutions.
Introduction
University institutions play an important role in economic development, innovation, and internationalization, e.g., through their objectives of research, teaching, and third mission, and therefore for societies at large. Steering resources within university systems, as done by higher education politicians regarding public budgets, by university managers within the institutions themselves as well as by stakeholders, such as corporations as research partners, and students as study program participants, is an important task within the economic and management domain. To fulfil this task effectively, deciders have to rely on information regarding the performance of universities, recently, for example, provided by a growing number of national and international university rankings [1] [2] [3] [4] . Rankings have evolved regarding their principal setup, incorporating criticism addressing indicators, institutional inclusion, and data quality, including the discourse on journal publication and the individual researcher level [5] [6] [7] [8] . This also went hand in hand with an increased influence on policies and resource decisions in higher education [9] [10] [11] [12] . Regarding the analysis and use of ranking data as well as for higher education efficiency analysis in general, increasing emphasis is put on the question of dynamic time-series developments. Specific calculation methods, such as data envelopment analysis (DEA) window analysis as well as DEA Malmquist index, are employed for such questions. As Parteka and Wolszczak-Delacz [13] (p. 68) outline, this may overcome shortcomings of former analysis perspectives which had focused mainly on static efficiency analysis results [14] [15] [16] [17] [18] [19] [20] [21] [22] [23] . The underlying technique for efficiency measurement is the DEA introduced by Charnes, Cooper, and Rhodes [24] in the basic form with constant returns to scale (CRS) and extended by Banker, Charnes, and Cooper [25] with variable returns to scale (VRS). DEA applications within the higher education sector as a typical multi-input and multioutput production environment are numerous [26] [27] [28] [29] [30] [31] [32] [33] . In addition, the Malmquist index for analysing longitudinal developments over time [34] [35] [36] has also been applied for universities, e.g., for the Philippines [37] and Australia [38] .
This paper addresses the research question of if university ranking data is applicable for longitudinal efficiency analysis endeavors. The specific methodological question therein is, if ranking index data can be used. This is motivated by the potential problem that an increased university input volume could not be met by an increased university output volume if index numbers are used. This is of importance, as many rankings, as for example the Times Higher Education (THE) ranking as well as the ARWU Shanghai ranking, use index numbers for comparing the performance of universities for any yearly publication [39, 40] . In these cases, all performance and evaluation measures are indexed for a maximum value of 100. If such an index number problem would exist for dynamic efficiency analysis, it would restrict the analysis potential of using university ranking data as one of the largest and most comprehensive international datasets. To test for this specific problem, a DEA Malmquist index calculation is applied with three different datasets from (a) the THE ranking with index numbers; (b) the CWTS Leiden ranking without index numbers; as well as (c) the combined case with data from both rankings systems as output indicators. This methodological management science question may also be applied to other industries. For higher education, it is connected to the research discussion of university rankings being a "zero sum game", as rankings depict only relative positions of institutions among themselves, not the overall (e.g., quality, productivity, excellence) development of the higher education sector (see for example [41] (pp. 195-196) or [42] (p. 45)). Additionally, many researchers also connect this question to the presumably necessary increasing input volumes (budget, staff, further tight resources) in order to stay in the same positions within university rankings, such as, for example, Hazelkorn argues [43] (p. 71) . For efficiency analysis matters and methodology, this is connected to the question of industry or structural efficiency as introduced by Farrell [44] (p. 262), [45] (p. 165).
The remainder of this paper is structured as follows: Section 2 describes the characteristics of university rankings and their data, especially for the applied systems of the THE and CWTS university rankings. Section 3 provides the methodological background regarding DEA and the Malmquist index as well as a short insight into index number theory. Section 4 presents the calculation results for the ranking datasets. Section 5 lays down some discussion points before Section 6 closes with conclusions and possible further research questions.
Ranking Systems and Research Data
University rankings have been established as a part of the higher education information environment for stakeholders, such as students, university managers, corporations, as well as politicians. However, they are also informative for researchers interested in the performance and international or national comparison of university institutions [46] [47] [48] [49] [50] . The following two ranking systems have been used in order to gather longitudinal output data for several universities [51] [52] [53] :
(A) The Times Higher Education (THE) ranking is one of the most long-standing and acknowledged international university rankings, established in 2004. This ranking has incorporated several changes due to feedback and criticism during the last decade. The THE ranking establishes five evaluation areas, all individually indexed for a maximum of 100. For the 2015/16 ranking, for example, the leading California Institute of Technology received the evaluation results of 95.6 for teaching, 64.0 for international outlook, 97.6 for research, 99.8 for citations, and 97.8 for industry income. This altogether provided the total ranking evaluation of 95.2. Though there have been changes and adaptions in the underlying 13 evaluation indicators, the basic setup of this structure has been continued since the 2011 ranking. Therefore, data can be used in this timeline (2011) (2012) (2013) (2014) (2015) (2016) in a sensible way. In a detailed breakdown, the 13 indicators are explained as follows in Table 1 . Table 1 . Indicator Weights and Definitions for the THE Ranking [54] .
Output Field
Weight Indicator Weight THE Teaching * 30.00% Academic reputation survey (THE) 15 .00% Doctorates awarded-to-academic staff ratio ** 6.00% Staff-to-student ratio 4.50% Doctorate-to-bachelor's ratio 2.25% Institutional income *** 2.25% THE International Outlook * 7.50% International-to-domestic-student ratio 2.50% International-to-domestic-staff ratio 2.50% International collaboration (proportion of research journal publications with at least one international co-author) ** 2.50% THE Research * 30.00% Academic reputation survey (THE) 18 .00% Research income 6.00% Research productivity (publications in Scopus indexed academic journals per scholar) ** 6.00% THE Citations * 30.00%
Number of times a university's published work is cited by scholars globally, compared with the number of citations a publication of similar type and subject is expected to have. (Bibliometric data supplier Elsevier examined more than 51 million citations to 11.3 million journal articles, published over five years. The data are drawn from the 23,000 academic journals indexed by Scopus and include all indexed journals published between 2010 and 2014. Only three types of publications are analysed: journal articles, conference proceedings and reviews-citations to these papers from 2010 to 2015 are collected.)
30.00%
THE Industry Income * 2.50% Research income an institution earns from industry *** 2.50% * Indexed value, maximum data value of 100.00. ** Discipline normalised. *** Scaled against staff numbers and normalised for purchasing-power parity.
The following thresholds and inclusion criteria are employed by THE, which play an important role in the question of which institutions are listed and which not: Universities are excluded from the ranking if they do not teach undergraduates or if their research output averaged fewer than 200 journal articles per year over the five-year period 2010-2014. In exceptional cases, institutions below the 200-paper threshold are included if they have a particular focus on disciplines with generally low-publication volumes. There are significant and elaborate processes in place regarding data gathering, also including a defined error management approach. This is connected to the "Berlin Principles on Rankings of Higher Education Institutions" (see [55] (pp. [51] [52] [53] and [56] (pp. [80] [81] [82] [83] [84] [85] [86] ). Institutions provide and sign off their institutional data for use in the THE ranking. On the rare occasions when a particular data point is not provided, a low estimate between the average value and the lowest value reported by all institutions is entered (25th percentile of all data values). In addition, a standardization approach for each indicator is used based on the distribution of data within a particular indicator-a cumulative probability function using a version of Z-scoring (see [57] (pp. [91] [92] [93] and [58] ). Within the applied dataset from THE, not all out of the five indicator values reached a maximum of 100 among the selected 70 European universities, as in some cases the 100 maximum value was attained by a non-European university (Australia, Canada, China, the United States, etc.).
(B) The CWTS Leiden ranking is seen as one of the international rankings featuring the highest quality standards, especially because of the high impact of research, publication, and citation data included [53] . In this analysis, size-independent data is used in order to maintain comparability. In addition, due to input data such as budget size, institutional size is already incorporated. Data has been available for this ranking since 2011 [59] . CWTS data is based on bibliometric statistics from the Web of Science (Thomson Reuters), where the universities in the 2016 edition of the Leiden Ranking are ranked according to their percentage of highly cited publications. A publication therein is considered highly cited if it belongs to the top 1%, 10%, or 50% most cited publications in its field as explained by [60] . This focused basis on publications and citations from one large database is a strength (in terms of comparability and data quality) and also a weakness, e.g., regarding disciplinary bias or quality evaluation (see [11] (pp. [13] [14] ). Compared to THE ranking data, for CWTS data, there is no index value used but additive data with no upper bound (e.g., citations numbers). From the CWTS dataset, P (publications, with partial share points for coauthors), TCS and TCNS (total citations and total citations normalized), as well as P_top1 and P_top50 (number of publications among the top 1% or 50% most frequently cited) are selected.
For input data gathering, the European ETER project was used, which provides large datasets (among others: budgets, staff, students, graduates, etc.) for the years 2011, 2012, and 2013 in the current version, accessible via the Internet [61] . Concurrent with the time series in the THE ranking datasets, input data total budget and total academic staff was used, connecting the input year 2011 with the output (ranking) data of 2011 and 2012, the 2012 input year with the output data of 2013 and 2014, as well as the 2013 input year with the output data of 2015 and 2016.
University selection for this analysis was established regarding the principle of selecting the European institutions from the 2011 THE ranking, which featured the top 200 universities worldwide; that amounted to 81 universities. Furthermore, 11 institutions had to be excluded due to missing data, some due to missing or inconsistent ranking data (THE or CWTS), the majority due to missing input budget or staff data (ETER), leaving 70 institutions. Data as described in Table 2 for 2 example universities has been used for all 70 universities. In this case, the research question can be highlighted: as the University of Oxford (UK) has increased budget and staff input for 2011-2016 by 20.54% and 13.87%, respectively, output numbers have risen in the indexed THE ranking by 5.80% on average, whereas in the nonindexed CWTS ranking, output has risen by 34.33%. On the other hand, for the University of Würzburg (Germany), numbers are different. With a budget increase by 2.06% and a staff increase by 4.24%, the output rise amounted to 17.51% with THE, but only to 14.08% with CWTS. Figure 1 highlights the input-output scheme for the analysis, in this case regarding the THE indicators as outputs. Some example correlations are included, especially the input indicator correlation between budget and staff of r = 0.86.
Further correlations between input and output indicators assessed from the whole dataset of 420 units (70 universities and 6 years of data) are outlined in Table 3 . Interestingly, high correlation levels are not only obvious between the two input indicators budget and academic staff, but also among output indicators, mainly within the two used ranking systems, for example, between the THE indicators "Teaching" and "Research" (0.890), calling in mind the "Humboldt principle" regarding the unity of teaching and research [62] (p. 274), [63, 64] , and also among the CWTS indicators publications (P) and citations (TCS, 0.963, and TNCS, 0.980), which is obvious given the fact that the same database is used and publications are a requirement for receiving citations. The same holds true for the correlation of publications with being among the top 1% or top 50% of cited publications (0.921 and 0.995, respectively). Therefore, it can be concluded that especially the CWTS indicators are highly correlated as they stem from the same database and are all connected to initial publications. Furthermore, high correlations between the two rankings datasets can also be observed: THE indicators "Teaching" and "Research" feature high correlation levels with all CWTS (publicationbased) indicators. For "Research", this is not so much surprising, for "Teaching", it surely is.
Finally, it can also be of interest to look into low levels of correlation. The THE indicators "International Outlook" as well as "Industry Income" show only weak to nonexistent correlations with the other indicators within THE as well as in CWTS. This can support the hypothesis that these fields are fairly independent and should be covered by separate indicators (as THE argues, for example). It also can be seen as proof for a supposition that these areas do not really belong to the core of academic and university objectives. At least, the negative correlation between citations and industry income can be seen in such a light of "estrangement" between academe and the corporate world. At least, it can be understood from an individual researcher's perspective, who often enough faces the nontrivial trade-off between time invested in topics interesting from an academic perspective and derived publications on the one hand, and industry-affine questions with connected projects, income, and publications for those topics.
Research Methodology and Index Numbers
The data envelopment analysis (DEA) method is based on works of Koopmans regarding the activity analysis concept [65] , Debreu [66] and Farrell in terms of the radial efficiency measure [44] , Furthermore, high correlations between the two rankings datasets can also be observed: THE indicators "Teaching" and "Research" feature high correlation levels with all CWTS (publication-based) indicators. For "Research", this is not so much surprising, for "Teaching", it surely is.
The data envelopment analysis (DEA) method is based on works of Koopmans regarding the activity analysis concept [65] , Debreu [66] and Farrell in terms of the radial efficiency measure [44] , as well as the works of Diewert [67] . This led to the specific DEA method suggestion by Charnes, Cooper, and Rhodes in 1978 [24] . Reasons for the increasing use of this efficiency analysis technique in higher education research are the fact that no a priori knowledge about a production function is required, only real-life data is used, and a multitude of inputs can be combined with a multitude of outputs, which is very typical for universities as "multi-product-organisations" [68] [69] [70] [71] [72] [73] .
DEA studies decision making units (DMU), which can be seen as the entities responsible for input, throughput, and output decision making [74] (p. 22) . DMU such as, e.g., university institutions, departments, schools, or institutes and research groups, can be evaluated and compared, showing a specific level of decision-making success in terms of overall efficiency. DEA uses a nonparametric mathematical programming approach for the evaluation of DMU efficiency relative to each other. Further, it is assumed that there are several DMU and it is supposed that inputs and outputs comply with these requirements:
For each input and output, there are numerical, positive data for all DMU. Selected values (inputs, outputs, and the chosen DMU) should depict the interest of decision-makers towards the relative efficiency evaluations. DMU are homogenous in terms of identical inputs and outputs. Input and output indicator units and scales are congruent. Furthermore, two different models can be distinguished. The CCR model, named after the authors Charnes, Cooper, and Rhodes [24] , with constant returns to scale, and the BCC model with variable returns to scale [25] . For both models and their efficiency measurement, the following specifications are made [75] (p. 239): n the number of DMU to be evaluated DMU j the jth DMU m the number of inputs to each DMU s the number of outputs to each DMU x ij amount of the ith input consumed by DMU j y kj amount of the kth output produced by DMU j eff abbreviation for efficiency v i the weight assigned to the ith input u k the weight assigned to the kth output.
A basic characteristic of the CCR model is the reduction of a multioutput and multi-input setting to a single (weighted) input and output combination for each DMU. For a certain DMU, measuring its efficiency and comparison with other DMU in the system is enabled. Usually executed by a series of linear programming formulations, DMU performance comparison facilitates a ranking of the different analyzed DMU and scales their relative efficiency from low to high, whereby the latter is defined as efficient. The CCR model contains both mathematical maximization and minimization problems. Detecting DMU relative technical efficiency requires on the one hand detection of each DMU technical efficiency, and on the other hand, the comparison of all DMU efficiencies. These steps are executed in the DEA simultaneous arithmetic operation. The calculation of the DMU efficiency value results from the consideration of the weighted inputs and weighted outputs. With the help of quantified inputs and quantified outputs, DEA generates via a quotient one single efficiency ratio for each DMU. The weighting factors are endogenously determined and allow the pooling of heterogeneous inputs and outputs with different units of measurement in one efficiency ratio. Hereby, each DMU's weights are considered optimally in order to maximize the efficiency value and determine only the definitely provable inefficiency. With the help of the following figure, the different scales of CCR and BCC are depicted in the case of a single input and single output situation. In Figure 2 , H illustrates a scale-efficient DMU (on the border production function). Inspection of DMU K reveals that the distance XJ/XK stands for possible input savings regarding a decline of technical inefficiency, whereas XK/YL represents possible output enlargements regarding the decline of technical inefficiency. The distance XI/XK stands for the gross-scale efficiency and XI/XJ shows the pure-scale efficiency with a corrected input. YL/YM stands for the pure-scale efficiency with corrected output (in case of variable scales). Calculating DMU efficiency, it can be observed that DMU H has the highest efficiency value. Building the border production function ("envelopment function") under the assumption of constant returns to scale (CCR) therefore complies with a line through the origin. This function with the assumption of variable returns to scale (BCC) is built by combining the points J, H, and L. As this is the case, the area of production opportunities is limited by the set of convex combinations of realized productions belonging to the border production function. Therefore, in the case of variable returns to scale, DMU J, H, and L are efficient, whereas DMU K is inefficient. In a CCR model, usually only one DMU is found to be efficient, whereas in a BCC model several, DMU are expected to be efficient.
Based on early works of Malmquist [34] , Caves, Christensen, and Diewert [12] proposed a calculation of a productivity index in order to shed light on efficiency changes over time. This longitudinal perspective is promising for the DEA method, as most efficiency measurement approaches are directed towards the question of efficiency improvement. To provide usable information for this objective, the index is therefore distinguishing between a technological progress for the whole set of DMU, as, for example, universities-individually adapted for each institutionon the one side, and the technological efficiency on the other side [35] . This second technological efficiency is caused by the organizational and process setup of an institution. The following formula depicts the mathematical distance function algorithm used for the Malmquist index [36, 38] : 
Regarding the use of index numbers, the basic discussion can be divided into three areas of economic application and discussion: (i) Based on mathematical theory, the first and still foremost application area for index numbers was the question of price and monetary value development over time, as, for example, outlined by Fisher (1911 Fisher ( , 1922 [76, 77] , as well as Divisia [78] . This "basket index" field is still discussed and amended today as an intertemporal application, e.g., with questions regarding testing and quality evaluation of price indices [79, 80] ; (ii) The second area of index number application in economics is further intertemporal comparisons of organizational or industry quantities such as indexed economic cycle growth and development indices or forecasts [81] ; (iii) The third area applies the use of index numbers for an interorganizational or geographical comparison of Calculating DMU efficiency, it can be observed that DMU H has the highest efficiency value. Building the border production function ("envelopment function") under the assumption of constant returns to scale (CCR) therefore complies with a line through the origin. This function with the assumption of variable returns to scale (BCC) is built by combining the points J, H, and L. As this is the case, the area of production opportunities is limited by the set of convex combinations of realized productions belonging to the border production function. Therefore, in the case of variable returns to scale, DMU J, H, and L are efficient, whereas DMU K is inefficient. In a CCR model, usually only one DMU is found to be efficient, whereas in a BCC model several, DMU are expected to be efficient.
Based on early works of Malmquist [34] , Caves, Christensen, and Diewert [12] proposed a calculation of a productivity index in order to shed light on efficiency changes over time. This longitudinal perspective is promising for the DEA method, as most efficiency measurement approaches are directed towards the question of efficiency improvement. To provide usable information for this objective, the index is therefore distinguishing between a technological progress for the whole set of DMU, as, for example, universities-individually adapted for each institution-on the one side, and the technological efficiency on the other side [35] . This second technological efficiency is caused by the organizational and process setup of an institution. The following formula depicts the mathematical distance function algorithm used for the Malmquist index [36, 38] :
Regarding the use of index numbers, the basic discussion can be divided into three areas of economic application and discussion: (i) Based on mathematical theory, the first and still foremost application area for index numbers was the question of price and monetary value development over time, as, for example, outlined by Fisher (1911 Fisher ( , 1922 [76, 77] , as well as Divisia [78] . This "basket index" field is still discussed and amended today as an intertemporal application, e.g., with questions regarding testing and quality evaluation of price indices [79, 80] ; (ii) The second area of index number application in economics is further intertemporal comparisons of organizational or industry quantities such as indexed economic cycle growth and development indices or forecasts [81] ; (iii) The third area applies the use of index numbers for an interorganizational or geographical comparison of economic quantities such as production outputs between different corporations or commodity prices between different trading locations and stock markets [82, 83] . This third application area has to be connected to the index number application in question here, which is the interorganizational comparison of university performance measures within ranking systems. Many problems have been identified in connection with the use of index numbers starting with, e.g., [84] . Mainly quality and stability problems allocated to the basket or definition problems are on record [85, 86] , but also problems of numerical comparison due to index number calculation are expressed [87, 88] .
Results
The following results have been obtained in a Malmquist index calculation for the timeframe 2011-2016 regarding the 70 selected European universities. The calculation was conducted with the software package BANXIA Frontier Analyst with an output maximization mode in a BCC model with variable returns to scale.
Three calculation runs are reported, all with the same input data (budget and staff data). (I) First, inputs were combined with five output indicators from the THE ranking (all indexed values); (II) Second, two input indicators were combined with five selected output indicators from the CWTS Leiden ranking (all nonindexed values); (III) Third, the inputs were combined in a DEA Malmquist calculation with 10 output indicators (five from THE as indexed values, five from CWTS ranking results as nonindexed values). No superefficiencies were calculated for these DEA runs, therefore all efficient units are showing a maximum efficiency score of 100.00. Table 4 presents the base efficiencies calculated for the initial year 2011 for all 70 universities.
The reason for applying three different calculation runs is to look into possible differences between efficiency level changes of indexed data and nonindexed ranking data in the two different cases. The third run (III) is a control case where both datasets are combined. This should enable a result regarding the question of if an index data problem is existing in using university ranking data for a DEA longitudinal efficiency analysis. 
University
Run I-Eff. Score
Returns to Scale
Run II-Eff. Score
Run III-Eff. Score From Table 4 , the following obvious recognitions from the data results have to be stated in order to support a further discussion in the next section. First, the 2011 efficiency values for the three calculation runs feature different values for the 70 universities. This can be expected, as different output indicators lead to different efficiency values in a relative efficiency measurement scheme. For some institutions, such as, e.g., Cambridge or the Karolinska Institute, identical efficiency scores are calculated, as such an institution is leading across a multitude of output indicators.
Second, several universities accomplish decreasing returns to scale or even increasing returns to scale, proving the assumption that the DEA BCC model for variable returns to scale is appropriate for university and higher education efficiency analysis settings.
Third, 17 (respectively 2 and 24) out of 70 universities are calculated as being efficient in regard to the selected two inputs and five (respectively 10 in run III) outputs. This is a comparatively high number, underlined by the average efficiency of all 70 universities of 87.21% (run I). For comparison, do Jiménez-Sáez et al. [89] (p. 235) report a mean efficiency of between 58.2% and 82.2% for Spanish research programs between 1988 and 1999. Therefore, a proposed problem with the index numbers (used in runs I and III) cannot be shown. This is supported by detailed data from Table 5 and Figure 3 , indicating that there are differences in the efficiency development (measured by the DEA Malmquist index), as can be expected due to different output indicators. However, these differences do not point towards a significant structural disadvantage of index numbers (with the THE data in run I and run III). Especially, the 2012-2016 mean efficiency improvement is nearly identical (1.0266; 1.0251; 1.0240-bold numbers) for the three calculation runs. Table 6 reports some cut-outs for Malmquist index values per university in the calculated dataset for run III. From this, the following observations can be noted in order to support the discussion (Section 5). Leading institutions for annual efficiency improvements are, for example, the University of Konstanz (33.20% improvement 2016 on 2015, run III), Bielefeld University (30.06% improvement 2016 on 2015), and the Technical University of Munich (22.87% improvement 2016 on 2015). The fact that the top improvement numbers are reduced significantly in the first ranking positions as well as the fact that, for example, Bielefeld University is also listed among the bottom 30 institutions regarding annual efficiency changes (−19.39% for 2012 on 2011) hints to the assumption that data irregularities or changes in data gathering, e.g., with the ranking systems or within the universities themselves, have led to these high numbers in efficiency changes. Therefore, in the next table, the long-term average changes are also reported. Table 6 reports some cut-outs for Malmquist index values per university in the calculated dataset for run III. From this, the following observations can be noted in order to support the discussion (Section 5). Leading institutions for annual efficiency improvements are, for example, the University of Konstanz (33.20% improvement 2016 on 2015, run III), Bielefeld University (30.06% improvement 2016 on 2015), and the Technical University of Munich (22.87% improvement 2016 on 2015). The fact that the top improvement numbers are reduced significantly in the first ranking positions as well as the fact that, for example, Bielefeld University is also listed among the bottom 30 institutions regarding annual efficiency changes (−19.39% for 2012 on 2011) hints to the assumption that data irregularities or changes in data gathering, e.g., with the ranking systems or within the universities themselves, have led to these high numbers in efficiency changes. Therefore, in the next table, the long-term average changes are also reported. Further on, Table 7 depicts the average of all year-on-year changes in efficiency between 2011 and 2016 for all universities, ranked according to the average Malmquist index values (total average efficiency change). The following statements may be derived in a first analysis concerning run III (last three columns). The highest level of average improvement over the six-year period was attained by the German RWTH University Aachen (average 1.0748 or 7.48% annually), followed by the University of Copenhagen (Denmark), as well as the University of Tübingen (Germany). Obviously, the individual leaders of efficiency improvement in the categories of "Catch-up" (individual DMU improvement due to closing the gap to the border production frontier) and "Frontier shift" (collective improvement of the border production frontier, compare, e.g., [13] (p. 74) are different from the total efficiency improvement champions, which are the Universities of Exeter and Karlsruhe (Catch-up, besides RWTH), as well as the University of Konstanz, LSE London, and Humboldt-University of Berlin (Frontier shift).
In addition, the leading institutions, regarding average improvement from this perspective (Table 7) , are different from the institutions leading on yearly improvements (Table 6 ). This connects to the fact known widely in management science, and especially with accounting and controlling, that achieving short-term improvements is a totally different game than sustaining long-term enhancements, in this case a six-year period [90] [91] [92] . The success of German institutions in the sample may be connected to the experience that these institutions had to adapt to the international ranking system, regarding the specific data gathering in this arena, within the analyzed timeframe. It also may fall into the same period when, e.g., due to the German excellence initiative, the first results in increasing international visibility and competitiveness were achieved [4, 93] . From Table 8 , depicting the statistical characteristics of all Malmquist index values by year (2012-2016) on the previous year for run III, some further descriptions can be outlined (highest values in bold numbers). First, high average levels of improvement are shown for the years 2012 and 2016, but not so much for the years in between. As an absolute value, the overall efficiency improvement of 6.59% for the last reported year of 2016 is high, also compared to other industries. For example, Örkcü et al. [94] (p. 101) report an efficiency improvement of 3.28% for Turkish airports on average from 2009 to 2014, Sueyoshi and Goto [95] (p. 342) describe a 1.10% efficiency improvement for 12 national petroleum companies from 2005 to 2009, and Emrouznejad and Yang [96] (p. 853) calculate a 2.89% efficiency improvement for the Chinese metal industry on average from 2004 to 2012. Again, it has to be emphasized that while these are exceptional values, there are also years, such as 2013 and 2014, with only minimal or zero improvement on efficiency regarding the inputs and outputs reported here. Second, variance and standard deviation with an annual sample among the 70 universities show remarkably high values, especially again in the first (2012) and last (2016) analyzed year. (Table A1 ).
Discussion
The described results can be connected to existing research regarding university efficiency and is discussed as follows. The overall range of efficiency scores for 2011, as outlined in Table 4 , is quite small between (17 institutions with) 100.00% and a minimum value of 61.60% (University of Copenhagen, run I, mean 87.21%). Such high levels of efficiency are not necessarily usual, but also not unexpected with 70 decision making units and 7, respectively 12, indicators. For example, the results of Fandel [97] (2007, p. 527), detailing 10 out of 15 German universities within North Rhine-Westphalia as efficient, with a mean efficiency of 92.77%, by using two inputs and three outputs for the 15 DMU. Also, Johnes [98] (p. 281) reports a mean efficiency of 92.51% regarding 130 UK universities with six inputs and three outputs, also with the lowest individual university efficiency levels around 60%. See also the comprehensive review of DEA studies in education by Fuentes, Fuster, and Lillo-Banuls [99] (pp. 91-93) regarding the applied inputs and outputs which are highly influential for the calculated efficiency results (in comparison with the number of observed DMU). This baseline is further analyzed regarding time-series changes in the following years until 2016.
Out of 350 dynamic data points (5 years of change from 2011 for 70 universities, run III), altogether 118 institutions with annual negative changes of efficiency are reported, whereas for 232 instances, a positive improvement of efficiency is recognized. This shows that universities are working hard to improve their efficiency as demanded from stakeholders and taxpayers regarding the inflow of public money into the higher education system. However, it also highlights that efficiency improvement is not an easy task but has to be earned with hard work. There is no "automatism" in efficiency improvement as is, for example, sometimes made to be believed due to technological change, as, e.g., for e-learning [100, 101] . The results regarding productivity increases (individual and overall) are within range of existing results, for example, by Parteka and Wolszczak-Derlacz [13] (p. 73), who report an average 4.1% annual increase of productivity for 266 public universities in 7 European countries between 2001 and 2005. In their dataset, universities from Germany, Italy, and Switzerland provided the highest efficiency improvements. However, it has to be recognized that in this case, three inputs (staff, students, budget) were compared only to two outputs (publications and graduates). As also in this research, German universities are reported to have above-average efficiency improvements, which seems to be a stable result. Obviously, the reported analysis results and differences regarding the distinction between general technological progress ("frontier shift") and its use on the one hand and the individual organizational reasons for efficiency changes ("catch-up") on the other hand for universities are interesting and should be studied further. In addition, in-depth analysis is required in terms of resource and organizational consequences of such efficiency development results for universities as done, e.g., in the health care or service sector [102, 103] . For example, it can be questioned if an institution or a department should receive unequivocal research or teaching funding when long-term negative developments of efficiency are recognized. This is superior to the question applied mainly today of, if due to an existing (low) efficiency status compared to others, restrictions in terms of funding shall be implemented. Whereas an efficiency development can largely be attributed to the institutional responsibility (given stable and comparable circumstances), the static efficiency position compared to other institutions may have a multitude of (external) influences and institutional responsibility is not a given.
As a policy implication, this would hint at an adjusted resource distribution scheme where allocation is connected to the longitudinal efficiency development of institutions. For example, institutions with decreasing efficiencies over time would also receive a reduced amount of resources, whereas institutions increasing their efficiency (change, not absolute level, potentially above a threshold level) would receive in increase in funding, e.g., by state budgets or also competitively distributed research funding and other sources.
Requirements for efficiency analysis with the DEA technique and for ranking endeavors have to be recalled into the academic and public discourse. Mainly, it has to be ensured that the analyzed DMU are actually comparable. This notion can be discussed in different perspectives: (i) From a production theory perspective, the border production function has to be identical or at least the same technical production possibilities have to be available to all compared units and institutions [65] ; (ii) From an economic price and market perspective, the used factor prices, as, e.g., for academic personnel, have to be identical or at least comparable; whereas wages for academics are not identical, not even within one country, the argument may be stated that even in a global perspective wages for research and teaching assistants as well as professors as core personnel for universities do not feature too much deviation; (iii) From a higher education research perspective, the main notion is the question of comparable objectives, missions, and profiles. This may be tested mainly against the following research hypothesis. The subject mix and homogeneity within and in between institutions has to be taken into account. Either only broad university institutions calling upon the "universitas" principle are included into comparative analyzes, or the analysis is broken down into subject fields, as is done by most rankings today (i.e., THE and CWTS, but also others such as the Shanghai ARWU ranking).
Altogether, it can be argued that the contribution of this paper in finding no proof for an index data problem for the application of ranking data in DEA efficiency analysis endevors for universities has the following implication for the knowledge and future research directions. Ranking data can be used unequivocally for efficiency analysis projects, independent of the fact if the rankings contain indexed data or aggregate data. This alleviates the application of ranking data for higher education efficiency research and therefore provides an important potential for further analysis, as the data realm of international university rankings is growing every year.
It has to be stressed that efficiency questions and the interest in analyzing and improving the performance, excellence, and output (given more or less fixed inputs) of universities in higher education is not new (see, for example, [104] ). However, today the available techniques, such as DEA windows analysis and DEA Malmquist index for a dynamic time-series analysis, the available data due to information technology, as well as chances to compare these data and analyses internationally have improved the level of analysis significantly. To put these available instruments to a good use, this article wants to contribute to the methodological discussion regarding efficiency analyses for higher education.
Conclusions and Outlook
This paper has made it obvious that no specific index number problem can be found for longitudinal efficiency analysis calculations for universities based on ranking data. This holds true for the indexed ranking publications of Times Higher Education, as this data (for the timeframe 2011-2016) was analyzed herein in comparison with the CWTS (nonindexed) data. Research and policy implications for the presented and analyzed data include, among others, the following points for further discourse. Ranking data, also within an indexed form, are assumed to be feasible and can acts as a quality output indicator basis for efficiency analysis endeavors, also in a longitudinal time-series analysis with such instruments as, for example, the DEA window analysis or the DEA Malmquist index analysis. As described above, the time-series analysis of efficiency development per institution may be an interesting field for academic analysis as well as a decision basis for university managers, politicians, as well as stakeholders and partners of universities. For example, if a company is thinking about a long-term research cooperation with a university, a look into past long-term efficiency developments at this institution may be well advised and informative in order to protect such a strategic investment. Further, it is has been shown that long-term efficiency improvement is a different playing field from yearly improvements. In the long-term perspective, German universities in particular were faring well within the analyzed timeframe of 2011-2016 and the applied dataset of 70 European universities. From the input and output correlation analysis, interesting results are that larger budgets and staff numbers correlate with higher ranking evaluations in the fields of teaching and research, but less so for citations. Institutions with larger input volumes therefore have at least a larger chance to reach higher output levels in these fields. However, this is definitively not true for the evaluation fields of international outlook and industry income as measured by THE rankings. This may be connected to the fact that achieving productive international as well as industry cooperation may not so much depend on the size of the budget and staff numbers but more on a mind-set within the university regarding industry income and especially a form of flexibility. This is hypothetical, as there is no causal analysis at hand, but at least the correlation numbers for the observed 420 cases may provide some interesting basis for creating and further on testing hypotheses regarding such productivity connections in universities.
Efficiency analysis may provide an elaborate form of quality check towards ranking systems, especially in the proposed time-series form, as with constant inputs for the same institutions and timeframe, rankings are supposed to present similar results. If not, the quality of the ranking performance measurement can be doubted. This has to be enlarged with datasets from other rankings in a timeline perspective, and with that, the problem of establishing a "reference set" or "baseline" performance dataset may arise. Which ranking or dataset would other rankings have to be measures "against"? Such avenues of inquiry are connected to the quality debate regarding evaluations and rankings for universities, as, for example, stated by Bornmann [105] , Osterloh and Frey [106] , and Harmann [107] for an international perspective. For the national German context regarding the VHB JOURQUAL3 journal rankings in economics and business administration, Eisend [108] and Schrader and Hennig-Thurau [109] discuss this as well as Lorenz and Löffler [110] for the Handelsblatt ranking of business economists. Policy implications point towards the discourse regarding conflicts of interest for university management in pursuing efficiency goals compared to other objectives such as excellence, reputation, or cooperation, as Blackmore points out [111] .
Further research is warranted to address, for example, the following five areas regarding university efficiency, rankings, and overall sector performance development: (a) Further ranking data for indexed and nonindex values should be tested in order to enlarge the database for the falsification of an index number problem for university ranking data in longitudinal efficiency analysis projects; (b) The further eligibility of such a dynamic efficiency analysis, e.g., with the DEA Malmquist index for a metaevaluation of rankings, could be tested. This can be an important contribution to ranking system quality; (c) Institutional management implications do earn a further look into possible steering and efficiency improvement measures based on longitudinal efficiency results for individual universities. Sideways comparisons with other knowledge-intensive service industries such as health care, finance and insurance, accounting and consulting, or logistics could be promising; (d) In addition, the possible implications and measures on a policy-systems level of higher education are of high interest given the fact that, e.g., for Germany, the public resources spent within university institutions totals about 48.2 billion Euros or 1.3% of total GDP for 2014 [112] (p. 71). Any fact-based research implying possible changes and improvements in the setup for public funding distribution in the sector might be of high value in an economic perspective; (e) Finally, also a look into the organizational level of research groups and individual researchers regarding the long-term dynamic efficiency development may be very interesting. Much research work already does exist for this in static as well as dynamic output perspectives, e.g., [113] [114] [115] , but little yet regarding a longitudinal efficiency perspective taking inputs into account. This could, for example, connect to the long-standing question of if outside and additional resources are able to improve the efficiency of an individual researcher or if there is no or a marginal effect, as, for example, found by Fedderke and Goldschmidt [116] (p. 479).
Altogether, the question of ranking data as an output database for time-series efficiency analysis in higher education has been proven to be a worthwhile and interesting field of inquiry for higher education research and management.
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